This paper employs a probit and a Markov switching model using information from the Conference Board Leading Indicator and other predictor variables to forecast the signs of future rental growth in four key U.S. commercial rent series. We find that both approaches have considerable power to predict changes in the direction of commercial rents up to two years ahead, exhibiting strong improvements over a naïve model, especially for the warehouse and apartment sectors. We find that while the Markov switching model appears to be more successful, it lags behind actual turnarounds in market outcomes whereas the probit is able to detect whether rental growth will be positive or negative several quarters ahead.
Introduction
Explaining the behavior of rents and determining their near future trajectory is one of the central themes in real estate market forecasting. Owners, lenders, developers and tenants continuously process information to form expectations about changes in the direction of rent values. Relevant information is obtained from a range of sources including the predictions of quantitative models, qualitative signals from the market and of course own judgment. Given the constant processing of information, the frequency at which data and signals are revised is also of importance. Market participants are keen to receive evidence about the future path of rents from a range of sources and analytical approaches. 3 This paper develops forecasting models that are pertinent to early recognition of turning points in rents. Turning point analysis generates advance signals for alternating periods of appreciation and negative growth in rents. We focus on rents rather than price changes since rents represent the cashflow that real estate owners actually receive and constitute an important source of income for investors. Consequently, knowledge about whether rents are likely to rise or fall in the future, if received sufficiently far in advance, may enable investors to better plan their real estate purchases or divestments. The study pursues this task with an examination of the relationship between rent values and series with leading properties for economic and market trends. It has direct implications for revisions to prevailing beliefs about the forthcoming path in rents, primarily because movements of leading series are considered a gauge of the economy's future direction and strength. The real estate market, and in particular the occupier market, is expected to reflect foreseeable changes in economic activity after a few quarters. It is therefore reasonable to assume that leading series shape landlord and occupier expectations. Indeed, real estate analysts and market participants are increasingly considering signs from leading indicators when forming their beliefs for leasing conditions and the market in general.
The intention of this study is to extract the leading components of series which discount economic movements and market responses through statistical methodologies designed for the purpose of establishing turning points and to estimate signals in the form of probabilities of forthcoming turning points in rent values. This is an effective way to utilize and interpret advance information from leading indicators. It quantifies the relevance of these indicators and presents a framework for frequent updates regarding forthcoming directional changes in rents. This study is expected to improve the forecastability of rents and complement other approaches in the overall forecast process. 4 Related research in the field of business cycles and financial markets has established that selected economic and financial series and composite leading indicators, which include economic sentiment information, provide significant signals prior to changes in economic activity and asset prices (Bandholz and Funke, 2003; Lemmens, Croux, and Dekimpe, 2005; Banerjee and Marcellino, 2006; Anderson, Athanasopoulos, and Vahid, 2007; Taylor and McNabb, 2007; Fichtner, Rüffer, and Schnatz, 2009; Frankel and Saravelos, 2010) . 1 Information from the publicly traded REIT market has also been found to lead the valuations of directly quoted real estate -see for example Schnure and Seagraves (2013) or Ling and Naranjo (2013) found that while equilibrium models for "cap rates" (the rent-to-price ratio) are useful for predicting future changes in real estate prices up to three years ahead, they are unable to accurately forecast rentals (see the comprehensive survey by Ghysels, Plazzi, Torous, and Valkanov, 2013 ; also see Campbell, Davis, Gallin, and Martin, 2009 and Valkanov, 2010) . This provides a further motivation to look elsewhere for sources of predictability of rent movements.
The present study compares the capacity of the Conference Board Leading Economic Index, a widely used leading indicator of the U.S. economy, the OECD (Organization for Economic Cooperation and Development) Leading Economic Indicator, the University of Michigan
Consumer Sentiment Index and the FTSE NAREIT All-REIT index, to predict whether there will be growth or a decline in future commercial and apartment rents in the U.S. More specifically, the paper predicts the likelihood of rents entering episodes of negative or positive growth. To our knowledge this is the first study in real estate that examines both Markov switching (MS hereafter) and probit models to predict rental growth signs in a comparative context and is also 5 the first to consider it applied to various sectors individually, using a range of predictor variables including composite leading indicators. We believe that such a comparison across modeling approaches is overdue since researchers appear to make largely arbitrary choices of one or the other without evaluating any alternative, and thus our research will be able to shed light on this issue and guide model selection for future investigations. We also believe that there is value in considering forecasts of rents for different series compared with those used in Tsolacos (2012) since in general we expect the results of this analysis to be market (or country) specific for two reasons. First, the definition of the reference series (rents in this case) is likely to differ (asking, appraisal, contractual, net effective, and so forth), and second, the construction of the leading indicator varies by country -that is, the constituent series and their weights to the composite series are, to a degree, dissimilar.
Researchers have employed several approaches to incorporating information from leading series to detect turning points and directional changes (Kholodilin, 2005; Bengoechea, Camacho, and Perez-Quiros, 2006; Croce and Haurin, 2009; Kaufmann, 2010) . These include vector autoregressive models (VARs), autoregressive integrated moving average models (ARIMAs), spectral analysis, and Markov switching models. A popular family of models is based on binary variables, in particular probit and logit models, whose main strength is that they can be geared specifically toward producing direction forecasts (Kauppi and Saikkonen, 2008; Nyberg, 2008) . The current study adopts and estimates a probit model to predict the probability of rent declines (and positive changes in rents) utilizing signals from various leading series. For comparison with the probit, we also employ a Markov switching model that separates rental growth into two distinct regimes, each with its own dynamics. Binary predictions are of greater practical use than point forecasts when the objective is simply to know the probability that a series will either rise or fall, without the additional complication of a point forecast.
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The real estate field has lacked an explicit analysis of turning points although there are a handful of notable exceptions. Krystalogianni, Matysiak, and Tsolacos (2004) Jin, Soyderin, and Tidwell (2013) has shown that non-fundamental sentiment measures are significant in explaining real estate returns. Sentiment measures provide timely information about the conditions that currently prevail in the economy and that are likely to occur in the near future. Agents cannot clearly observe the current state of the economy, in part due to publication lags and revisions to the official statistics. Given the relevance of several economic factors in determining rental values, as highlighted in Sirmans and Guidry (1993) , Mueller (1999) and Thompson and Tsolacos (1999) , it is reasonable to expect leading indicators, which encapsulate key macroeconomic factors, to also contain information on the future direction of the rental market. Finally, sentiment series are not revised historically, 3 and in that sense they are more reliable than, for example, macroeconomic series that are often subject to several vintages of revisions.
The remainder of this study develops as follows. Section two describes the probit and Markov switching models used in the paper to predict periods of negative and positive rent growth; 8 section three presents the data and their properties; section four presents the empirical probit and MS models for each of the four real estate sectors; section five initially examines the accuracy of the in-sample model predictions and moves on to consider out-of-sample forecasting accuracy and finally, section six provides concluding comments and discusses the implications of turning point analysis for real estate investors.
Models

Leading Series
To study episodes of negative and positive rent growth, four leading indicators are employed: Consumer confidence is an indicator that has been found to affect house prices in the recent literature (see Jin, Soydemir, and Tidwell, 2013) , although this study focuses on the nonfundamental component of consumer confidence such as irrational consumer confidence. REIT prices have also been employed, but they are likely to be good forecasters of direct real estate prices rather than rents. Of course, REIT prices can be affected by changes in capital markets (risk premia, cap rate movements). In the current investigation we assume an indirect linkage between REIT prices and expected rent changes. REIT price variation should partially reflect 9 expectations about growth in underlying income and rent growth. Falling REIT prices, for example, may signal weaker cash flows including negative rent growth.
The predictive content of the four selected leading series is examined within a probit and Markov switching framework and these two approaches are now presented.
Probit Specifications
In a probit framework, the predicted variable is dichotomous. The family of probit models 4 allows us to determine the probability of imminent negative or positive rent growth and is defined in reference to a theoretical relationship between the observable negative and positive rent growth and changes in the selected leading series (LSer) as:
where f(.) includes the lag structure of the LSer and R is the growth in the PPR 54 rent index in the respective sector (described below), which as a binary variable is described by:
R t = 1 if annual rent growth is negative at time t R t = 0 otherwise.
LSer is the leading series: the Conference Board Leading Economic Index (CBLEI), the OECD Leading Economic Indicator (OECDLEI), the University of Michigan Consumer Sentiment Index (UMCSI) or the FTSE NAREIT All-REIT Index (REIT), t-i represents the expected lagged effects on R t . Pr is the probability forecast of negative or positive rent growth at time t and is given by  , the cumulative density function of the normal distribution.
The empirical probit model that we employ is defined as:
10 where α and β i are coefficients to be estimated and ε t is a normally distributed error term. In this investigation, the optimal lag order for ΔℓLSer (change in the logged LSer series) is determined by minimizing the value of the Schwarz information criterion. The model is estimated by maximum likelihood. The fitted values from equation (2) are the estimated probabilities for negative (or positive) rent growth given the known lagged values of ΔℓLSer. The lag order of ΔℓLSer will determine the negative growth probability t+i periods ahead. Thus if i = 3, then LSer values are used to predict the binary variable three periods ahead.
We employ a long lag structure of up to 12 quarters. A priori, we expect that a three-year period should be sufficiently long for the real estate market to adapt to the changing economic conditions that follow movements in the leading series. It is an adequate time to infer with a reasonable degree of accuracy whether the market is heading into a different state of rent growth.
The Markov Switching Specification
The Markov switching (MS) model can be written as: 
By following a first-order Markov chain process, the probability of the market switching from state i to state j is given as p ij , where j = 1 or 2. As it is impossible to know exactly which regime the real estate market is in at any given point in time, statistical inferences on the probabilities of being in regimes 1 or 2 will be estimated. They are referred to as "smoothed" and "filtered" probabilities. These probabilities are derived from the transition probabilities. Smoothed probabilities are estimated using all information at time T to determine what regime the real estate market was in at an earlier date t. Filtered probabilities, on the other hand, provide a recursive assessment of the current regime in the market based on real time information up to time t -1. The parameters of the MS model and the transition probabilities are estimated via the maximum likelihood estimation procedure using a backward recursive algorithm introduced by Kim (1994) . For more on the estimation of the MS model, refer to Hamilton (1989 Hamilton ( , 1994 .
Data
The national U.S. rent series are the Property and Portfolio Research (PPR) 54 rent indices.
They are aggregated from rents in the 54 largest metros in the U.S. to form a stock-weighted time-series. These indices are constructed from asking rents recorded across submarkets and building types of the metro, and they therefore reflect asking rents from different building classes, not just a particular type such as Class A.
Exhibit 1 plots the annual growth rates each quarter for the period over which the data are available. This sample contains two distinct full cycles, with the 2001-2004 downturn being more pronounced for offices and warehouses than the recent one and with retail and apartment sectors experiencing more volatility in the last cycle.
[INSERT EXHIBIT 1 HERE]
Panel A of Exhibit 2 presents some summary statistics for the key variables of interest in this paper. It shows the number of times rent changes were negative and positive by sector in the 12 sample periods. The apartment sector has seen the fewest quarters when rent growth was negative. The rent growth series are highly autocorrelated, as expected. Further, periods of negative and positive growth last for several quarters. In existing empirical work, a number of authors (for example, Dueker, 1997 and Moneta, 2005) have pursued modified probit specifications that contain the dependent variable lagged. They attempt to bring additional information from the autoregressive structure of the dependent variable to form predictions. In our study it is only the first lag that is statistically significant. However, we do not use these specifications in our analysis as they effectively restrict the horizon for out-of-sample forecasting to just one quarter and our intention is to examine the predictability of the leading series over longer horizons.
[INSERT EXHIBIT 2 HERE]
Panel B of the exhibit shows that the annual growth rates in the predictor series except UMCSI are strongly autocorrelated, as shown both by the first-and second-order autocorrelation coefficients. We should therefore expect collinearity among successive lags in the estimates.
The four indicators contain different information as the contemporaneous correlations of annual growth rates, given in Panel C of Exhibit 2, show. The strongest correlation is between the CBLEI and the OECDLEI, which are designed to provide more explicit information about turning points in the U.S. business cycle. The correlation between both of these leading indicators and REIT price returns is not weak, suggesting that REITs incorporate information about the general economy. It is expected that REIT traders process information from the CBLEI and OECDLEI.
The correlation between consumer confidence and the two leading indicators is moderate. The Michigan consumer confidence survey (UMCSI) is not one of the ten constituent series of the CBLEI. The data are obtained from Bloomberg.
The CBLEI composite currently contains ten component series, which a priori all move ahead of the economy changing direction.
5 Historically, the construction methodology of the index has 13 been subject to revisions aiming to improve its leading properties. 6 We take as the quarterly reading that of the last month of the quarter.
In-Sample Results
Goodness of Fit of Leading Series
We initially examine the relative importance of the indicators individually in predicting periods of negative and positive growth. This will give us a preliminary idea about the significance of the lags of each of the four indicators. We do so within the probit framework. Exhibit 3 shows the explanatory power of individual indicators and their lags using the pseudo-R 2 suggested by Estrella and Mishkin (1998) .
[
INSERT EXHIBIT 3 HERE]
Exhibit 3 clearly demonstrates that the Conference Board Leading Economic Index outperforms every other indicator. Its superiority is evident for office, warehouse and retail rents in particular.
Apartment rents are not explained as well as the other sectors and for this series even the CBLEI has only moderate explanatory power. In this sector, the CBLEI is joined by consumer confidence as the strongest indicator to predict rent growth. It is also worth noting that the influence of the CBLEI spans nine to ten lags and even longer in the retail case.
The Probit Model
In this section, we focus on the use of the CBLEI as a predictor series given its dominance in the bivariate regressions discussed in the previous sub-section. We study the pattern of lagged influences of the CBLEI on the binary rent growth series with more general multivariate regressions. We use the values of Schwarz's information criterion (SIC) as a guide to establish the most significant lagged influences.
14 Equations (4) to (7) present the results of the estimations. SIC specifies models with two lagged terms across the board. Given how the binary series is constructed -that is, 1 represents negative growth and 0 positive growth -and the fact that the fitted values are estimated probabilities for these occurrences, coefficients in the final equations are expected to take the negative sign. That is, a positive (negative) change in the leading index is associated with a lower (higher) probability of negative rent growth. The lagged pattern of CBLEI terms in the final equations also reflects the strong first-and second-order autocorrelation in the growth rates of the CBLEI so that neighboring lagged terms cancel each other's statistical significance. From bivariate regressions it is found that in all cases the shorter lags in each sector carry most of the impact, but there is still residual influence from CBLEI movements over two years ago.
Office rents:
Pr[ 1] 0.36 1.54 1.28
Sample period: 1Q91-3Q12
Retail rents:
Pr[ 1] 0.15 1.60 0.91
Sample period 1Q95-3Q12
Warehouse rents:
Pr[ 1] 0.18 2.44 1.60
Sample period 1Q95-3Q12 Apartment rents:
Pr[ 1] 0.73 0.84 0.47
The lag length in the final models allows us to estimate the likelihood of negative or positive rent growth four quarters ahead for offices and warehouses, three quarters for apartments, and six quarters for retail. Therefore, the retail sector responds the slowest whereas the apartment sector edges ahead in terms of responsiveness. 
Forecast evaluation
The focus of the paper is to determine the forecast accuracy of the probit and Markov switching approaches when applied using the leading series (with particular emphasis on the CBLEI given its superior explanatory power as documented above) for the four different sectors (offices, apartments, retail, and warehouses). We carry out a number of forecast tests. The initial assessment takes place by comparing in-sample predictions for negative and positive rent growth with the actual outcome and we then move on to consider out-of-sample forecast accuracy.
In-Sample Assessment
Probit in-sample performance
The "in sample" probit forecast performance is illustrated graphically in Exhibit 5. The shaded areas show periods of negative rent growth. In these periods, we should expect high 16 probabilities (indicating a high likelihood of negative growth) from the estimated probit models.
In the office sector, the three periods of negative rent growth are associated with rising probabilities of rent declines. Subsequently, probabilities fall and remain low in periods of rent increases. The probit does not give any false signals in this sample period and it is worth noting the rise in negative rent growth probabilities well ahead of the realized rent declines from 2008.
[INSERT EXHIBIT 5 HERE]
Probability estimates from equation (5) (6)) also does fairly well in the case of the warehousing sector.
Among the four sectors studied, there have been some false signals and the signals have not been uniformly conclusive. In the first half of the sample, the prediction of the fall in apartment rents is captured by rising probabilities well ahead. But when probabilities fall for a few quarters in the period of negative rent growth and then rise again, they do not exhibit as strong a rebound as in other sectors. Of course, the threshold probability, which is the probability value with which the binary rent variable takes the value of 1 (rent declines), is low in the apartment sector. As discussed later in the paper, for the whole sample period it is 0.20. Even lower probabilities than other sectors but above the threshold probability can indicate falling rents. In the second half of the sample, the probit produces high probabilities of the onset of rent declines, but again the probabilities remain rather high when positive rent growth returns to the sector. In general, the performance of the probit models is impressive for predicting periods of rent declines. It should also be noted that the bars show probabilities that were estimated three to six quarters in advance depending on the sector. Hence, the probabilities and actual periods of negative growth coincide, even though the probabilities were estimated over a year earlier.
These are certainly encouraging results.
Markov-switching in-sample performance
The filtered probabilities of being in each state are plotted over time in Exhibit 6 together with rental growth for office, retail, apartments, and warehouses in panels (a) to ( [INSERT EXHIBIT 6 HERE]
Out-of-sample Model Comparisons
Forecast evaluation framework
We are particularly interested in the accuracy of the predictions in the last downturn (2008 to 2012). We obtain real out-of-time forecasts for the period 1Q2007 to 3Q2012 and we conduct a forecast evaluation over this period. That is, we estimate models with data for both rents and the CBLEI known at the end of 2006. Therefore, realistically the models are estimated and the forecasts constructed towards January 2007 into the beginning of February (the last observation of the sample is 4Q2006 for rents and December 2006 for the CBLEI). We estimate and select the probit and MS models based on the available sample at that time and not using any of the 18 specifications estimated for the whole sample. Therefore, differences in the lag structures should be expected for the probit model, whereas the MS model incorporates only one lag.
Once the preferred models at each period are established, we forecast k quarters ahead as permitted by the model's lag structure. These are real time predictions. We then move one quarter forward and re-estimate the specifications using a sample that has increased by a quarter (that is the first model is estimated up to 4Q2006, the second model up to 1Q2007 and so forth). Hence, both the specifications and the probability forecasts are updated each quarter when extra observations for rents and the CBLEI are received.
In our analysis, we define a successful model as one that correctly predicts the direction of rent growth in the future. We therefore begin by comparing the sign of the rent growth (i.e., positive or negative) with the actual direction to examine in detail the periods for which the models worked well and those where it did not. We then summarize the performances across models by computing the overall percentage of correct predictions.
In order to more formally compare the probability forecasts across specifications we apply the quadratic probability score (QPS) proposed by Diebold and Rudebusch (1989) and the Diebold and Mariano (1995) test. The former is calculated as:
where f represents the probability forecasts of the binary event r (recall that r is equal to 1 if there is negative growth in rent and 0 otherwise). The model with the lowest QPS score is therefore deemed the most accurate. 
that the DM test is based on the loss differential of the two models,
, the null hypothesis that the two models are equally accurate in predicting turning points is then: 
where   cov ,
. Note that LRV is an estimate of the asymptotic long-run variance, which takes this form because the loss differentials are serially correlated. We reject the null hypothesis of equal predictive accuracy at a given level if the test statistic exceeds the corresponding standard normal critical value. In this paper, we apply the DM test to the forecasted probabilities from the probit (multi-lag and single lag) and the Markov switching models in all real estate sectors. 20 We compare the performance of the selected probit models in each period to that of the MS model. Further, following the usual convention, the forecasts from both the selected probit and MS models are compared to a naïve model. This could be a random walk or constant probability model. However, we take as the naïve model a probit specification which contains the fourth lag of CBLEI. The multivariate model is encompassing of this influence and is expected to outperform the single lag probit in-sample at least. 8 The choice of the fourth lag is somewhat arbitrary but reflects the usefulness of forecasting four quarters ahead without the effort of determining the optimum forecasting approach (probit or MS, which indicators and lags) each time. Another reason is that despite the fact that we use probit models with only two lagged terms, the sample period is short and hence a more parsimonious model could perform well.
Further, an examination of CBLEI shows that occasionally longer lags follow a different direction from shorter lags (e.g., the index falling at lag nine but rising at lag four or five). Hence it is worth examining whether the probit and MS models with longer lags provide superior forecast performance than a probit with a single short lag.
Out-of-sample forecasts 1Q2007 -3Q2012
Exhibit 7 gives the results of the out-of-sample forecast assessment for office rents based on forecasting with the CBLEI. For all probit specifications, the fourth lag dominates the lag structure whereas the eighth lag that was selected initially has given way to the ninth lag since 3Q08. This lag structure allows us to predict four quarters ahead. The probability remained low until 3Q07, indicating positive rent growth to come. However, the probability rose to 0.50 in 4Q07, which provided the first signal of negative rent growth. Re-estimating the model with the sample extended to 1Q07 and forecasting up to 1Q08, we obtain a higher probability of 0.80.
This, combined with the previous probability, suggests that there is a good chance of negative Exhibit 9 shows that both the multivariate and simple probit specifications produce rising probabilities for negative warehouse rent growth from 4Q06 -that is, two years prior to actual negative rent growth happening (1Q09). On the other hand, the MS model did not expect rental falls until 4Q08, a quarter before they actually occurred. When warehouse rents rose in 1Q12, the multivariate probit model gave no signal of such a turnaround until 2Q12, a quarter after it happened. Hence it misses the positive growth in 1Q12 and arguably the lack of growth in 4Q11. On the other hand, the single lag model signaled positive growth in 1Q11 back in 4Q09 when the probability of rent declines fell significantly. The MS model had not readjusted to positive rental growth by the end of the sample in 3Q12.
INSERT EXHIBIT 9 HERE]
Finally, for apartment rents (Exhibit 10) the lead performance of the CBLEI is not as long as for the other sectors. The signal of negative growth in apartment rents in 4Q08 is given by the 23 multivariate probit in 1Q07 and this signal is maintained in the subsequent quarters. The simple probit gives rising probabilities over the same period but these probabilities are not as high. The latter model generates a probability of 56% of rent declines in 1Q08 for 1Q09. The MS model predicts rent falls from 3Q08, a quarter before they occur. The annual fall in rents started in 4Q08. Still, this is fair performance. On the other hand, when rent changes turn positive in 3Q10, the multivariate probit is slow to recognize this change in the path. The negative growth probability falls in 2Q11 for the first time, signaling positive growth in rents for 1Q12, nearly two years after it happened. In contrast, both the single lag probit and the MS model produce a decline in the probability of negative growth for 1Q11 and a further significant decline the following quarter. This is certainly a good performance. What happens here is that the two CBLEI terms in the multivariate model produce opposite signals and the impact of the most recent changes in CBLEI wanes by the opposite prediction of the more remote CBLEI trend. By 3Q12, all three approaches were predicting a continuation of the increases in rents that had been witnessed in the recent past.
[INSERT EXHIBIT 10 HERE]
Correct predictions
To facilitate model comparison, Exhibit 11 presents the percentage of correct direction predictions during the whole out-of-sample period, 1Q07-3Q12. A correct prediction occurs when the rent is forecast to be positive in the next quarter and it is, or when the rent is forecast to be negative and it is. The final column gives an average of the percentage of correct predictions across all four sectors for a given model. On the surface, it appears that the MS model is far superior to the probit specifications, since it gives a higher proportion of correct predictions for all four sectors and overall, getting the question of whether rents will rise or fall right nearly 85% of the time on average. However, we argue that this finding is more a function of the way that the forecasts are evaluated than representing a genuine improvement.
Effectively, the probit models are penalized for detecting a change of direction several quarters 24 in advance of it actually happening. But if the objective was to predict these turning points before they occur rather than predicting the sign of the next period change in rents per se, then the probit approach would be much preferred because of its ability to detect significant changes in behavior at least a year in advance.
[INSERT EXHIBIT 11 HERE]
QPS and Diebold-Mariano tests
Exhibit 12 presents the results from the QPS test applied to the out-of-sample forecasts from the three models -the multivariate probit selected through time, the naïve or single lag probit model and the MS model -for the four sector rent series. Overall, comparing the Markov switching and probit models, the MS specification emerges on two occasions to be the most accurate performer (having the lowest QPS value). In the case of retail rents, it outperforms the other models by a significant margin. For warehouse rents, the MS specification again outperforms by a clear margin. For the other two sectors, the probit models demonstrate greater accuracy but it is a close race with the MS model. For office rents, the multivariate probit displays the highest accuracy, narrowly beating the MS specification. For apartments, it is the naïve probit that secures the lowest QPS, again closely followed by the MS model. It is worth highlighting, however, that by construction QPS penalizes the ability of the probit models to predict the turning point and negative rents well ahead, as discussed in Exhibits 7-10. Larger errors are attributed to a model with a longer lead than a model which has a shorter lead.
[ Early signals in the form of probabilities for forthcoming rental falls help investors plan their responses accordingly. The results shown in this paper are encouraging. In the probit context, the models have a satisfactory ability to produce advance signals for forthcoming falls or rises in rents up to eight quarters ahead of the actual turn in rents, although the model finds it harder to predict a trough than a peak. In the recent cycle, the analysis generated lead information that ranges from three to six quarters (for apartments and retail respectively) and high rent decline probabilities ahead of the negative rent growth at the end of 2008 and the beginning of 2009.
Comparing across the probit and Markov switching approaches, the latter is in the main more able to accurately predict whether rents will rise or fall in the next period. However, if the objective of forecasting is to produce signals of an impending change in market behavior from rental growth to falls or vice versa, then the probit model is preferable as it is able to do this well in advance. Thus the probit model can produce proactive signals that can guide investment behavior; the MS model tends to be somewhat reactive but can closely capture current market circumstances.
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The findings of other relevant investigations also contain some interesting points. Paap, Segers, and van Dijk, (2007) argue that there may be differences in the leading properties of forwardlooking economic and financial series in the run-up to turning points. A comparison of the results of the present study to the findings of Tsolacos (2012) highlights the longer leading properties of CBLEI compared to the economic sentiment indicator used by that author for key European cities. Therefore, variables that are considered to have predictive power may have different lead times and could also be subject to the geography and reference series examined. The study of
Tsolacos takes place at the city level whereas we focus on national indices.
Flagging up probabilities of major events that might go unidentified is part of risk management.
The use of probit models has important implications in the study of real estate market conditions and risk management because other variables such as capital values and rents can be predicted in the same way. The focus can shift from forecasting periods of negative and positive growth (in rents, capital values, etc.) to forecasting periods when the series passes through a threshold value that investors consider important in the direction of the market. Further, special purpose techniques extend beyond the probit model and a combination of approaches could achieve greater forecasting power. Note that the transition probabilities (Pij) are the probability of moving from regime i to regime j. ED stands for the expected duration of being in a regime, which is calculated using the transition probabilities (Pij). 
Exhibit 2 | Summary Statistics
